Abstract This paper conducts a five-month follow-up survey of 608 Japanese adults who just started smoking cessation, and measures economic-psychological parameters such as the time preference rate and risk aversion coefficient using a conjoint analysis.
Introduction
The economics of smoking attaches importance to the differences in individual characteristics, including age, gender, and nicotine dependency. Additional research has investigated the effects of economic-psychological parameters, including the time preference rate and risk aversion coefficient of habitual smoking 1 . What is still lacking, however, is economic-psychological research into successful smoking cessation. Since anti-smoking policies are being widely discussed in Japan and other countries, it is important to investigate the factors associated with successful cessation. This paper conducted a five-month follow-up survey of 608 Japanese adults who had just started smoking cessation, measured the time preference rate and risk aversion coefficient, and analyzed whether economic-psychological parameters can predict successful cessation.
Addiction is an important feature of smoking. The heavier one's nicotine dependency is, the more difficult smoking cessation is. Becker and Murphy (1988) proposed a rational addiction model in which people who heavily discounted future utilities were more likely to become addicted to smoking. Much research on time preference has reported that smokers are more impatient than nonsmokers and more frequently choose earlier-smaller rewards over later-larger rewards. Examples include Mitchell (1999) , Bickel et al. (1999) , Odum et al. (2002) , Baker et al. (2003) , Reynolds et al. (2003) , and Ohmura et al. (2005) . On the other hand, sufficient research on risk preference has not been accumulated to determine whether smoking and a risk-prone preference are associated 2 . Thus, further research on the relationship between risk preference and smoking behavior is required. Another problem is that past studies measured the time preference rate and risk aversion coefficient separately when smoking was examined economic-psychologically 3 . Using a conjoint analysis, Ida and Goto (2008) 1 The term behavioral economics is currently preferred to economic psychology;
however, this paper uses the latter term because we emphasize the measurement of economic-psychological parameters. 2 Mitchell (1999) , Reynolds et al. (2003) , and Ohmura et al. (2005) reported negligible correlations between them. 3 A few studies have integrated the measurements of time and risk preferences, including simultaneously measured the time preference rate and risk aversion coefficient at the individual level, and found that smokers were more impatient and risk-prone than nonsmokers. This paper follows Ida and Goto (2008) methodologically.
In the rational addiction models, it was implicitly assumed that economic-psychological parameters remain constant before and after smoking cessation.
However, the success of cessation perhaps leads to a change in economic-psychological parameters, or conversely, successful cessation is caused by the change in the parameters. Recently, endogenous preferences have been introduced to explain smoking behavior. For example, Becker and Mulligan (1997) and Orphanides and Zervos (1998) suggested a variant of the rational addiction approach where the time preference rate was endogenously determined. We measured the time preference rate and the risk aversion coefficient both at the starting and finishing points (cessation failure or success for five months) of the survey. If the results of cessation are dependent on economic-psychological parameters or if these parameters change between the two points, these findings may support the endogenous preference models 4 .
The economics of smoking can be classified into research on smoking and that on quitting (Douglas 1998) . This paper belongs to the latter category. Referring to the literature on quitting attempts, Jones (1994) treated the decision to quit smoking as a choice under uncertainty in an empirical model that incorporates health status, medical advice, addiction, and social interaction. Harris and Harris (1996) argued that people who benefitted the most from quitting wished to end their addictions the most. Hsieh (1998) showed that a change in health status as well as education had a positive effect on the probability of quitting. Hammar and Carlsson (2005) indicated that restricted availability, increased cigarette prices, cessation subsidies, and restrictions at restaurants, bars, and cafés all increased the expected probability of smoking cessation.
Furthermore, for successful cessation, Sander (1995) showed that educational background positively affected the odds of men and women over 25 years quitting smoking. Forster and Jones (2001) showed that the tax elasticity estimates of quitting were -0.60 for men and -0.46 for women. Keeler et al. (1993) indicated that successful (2006) . 4 Other studies regard smoking as time-inconsistent behavior (Lewit and Coate 1982 , Baltagi and Levin 1986 , Jones 1994 , Gruber and Köszegi 2001 , and Kan 2007 . cessation could be explained by rational addiction models. Hyland et al. (2004) indicated that the most frequently cited reasons for predicting long-term cessation were health status, cost, and nicotine dependency. Hyland et al. (2006) discovered that cognitive variables, including the intention to quit, were associated with attempts to quit but not with successful cessation; on the other hand, behavioral variables related to task difficulty, including measures of dependence, predicted both making attempts and success.
Our main findings can be summarized as follows. We investigated the relation between successful cessation and economic-psychological parameters on the basis of a five-month follow-up survey intended for those who began quitting. As expected from the earlier literature, at the finishing point of the survey, cessation successes are more patient and risk-averse than failures. Interestingly, even at the starting point, successes are more risk-averse than failures, even though all respondents had just started quitting.
These results show that economic-psychological parameters can predict successful cessation ex-ante and ex-post. Furthermore, we discovered that successes become more patient, while failures become more impatient between the two points. These results
show that success or failure in a quitting attempt is associated with the endogenous formation of a preference. Second, we analyze successful cessation using a logit model by adding economic-psychological variables to frequently used sociodemographic and individual characteristic variables. As a result, the rate of time preference and the coefficient of risk aversion are important predictors for successful cessation along with the Fagerström Test for Nicotine Dependence (FTND) scores and the self-efficacy of quitting. The rate of time preference has a larger impact on successful cessation than on the coefficient of risk aversion. These findings provide rich information on who succeeds or fails, the type of support that is effective for quitting, and so on.
This paper is organized as follows. Section 2 explains the data sampling method and discusses the data characteristics. Section 3 introduces a conjoint analysis and proposes the discounted and expected utility models for estimating parameters. Section 4 presents the estimation results and investigates the relationship between successful cessation and economic-psychological parameters. Section 5 provides an economic model for explaining successful cessation. Finally, Section 6 provides concluding remarks.
Data sampling method
In this section, we explain our data sampling method and the data characteristics. We also performed it for the 321 successes when the five-month follow-up period was completed. Table 1 Next, we looked at the continuation rate of smoking cessation. Although the figure dropped to 76% after one month, the rate of decline gradually decreased, and the figure converged to a little over 50%. This result is consistent with earlier research (Hughes et al. 2004) . Figure 1 indicates the durability of smoking cessation.
<Figure 1> 5 The definition of a smoker here is somebody who has smoked at least 100 cigarettes thus far (U.S. Department of Health and Human Services 1991).
Finally, we investigated the relationship between FTND scores and the durability of smoking cessation. Earlier research indicated that nicotine dependency was an important predictor for successful cessation. Our result is given in Figure 2 . When nicotine dependency is measured by FTND scores, durability is higher for the upper middle (5-8 points) whose continuation rates are about 60-70%, while it is lower for other scores (0-4 and 9-10 points) whose continuation rates are about 40-60%. In short, nonlinearity was observed between the FTND scores and the durability of cessation.
Although this conclusion reflects the definition of nicotine dependency, a similar relationship was observed in earlier literature (Hyland et al. 2006) . Smokers with lower nicotine dependency may think that they can quit at any time, while those with the highest nicotine dependency are obviously physically and mentally addicted; therefore, they tend to fail to quit smoking.
<Figure 2>
Conjoint analysis and estimation model
In this section, we explain conjoint analysis, a stated preference method that we carried out on 608 valid respondents in order to simultaneously measure time and risk preferences. Conjoint analysis assumes that a service is a profile composed of attributes.
If we include too many attributes and levels, respondents have difficulty answering the questions. On the other hand, if we include too few of them, the description of the alternatives becomes inadequate. After conducting several pretests, we determined the alternatives, attributes, and levels as follows:
Reward, probability, and delay are fixed across profiles.
Reward: JP ¥100,000 (US $909), Winning probability: 100%, Time delay: None.
Alternative 2:
Reward, probability, and delay vary across profiles.
Reward is either JP ¥150,000 (US $1,364), 200,000 ($1,818), 250,000 ($2,273), or 300,000 ($2,727).
The winning probability is 40, 60, 80, or 90%.
The time delay is 1 month, 6 months, 1 year, or 5 years.
Since the number of profiles becomes unwieldy if we consider all possible combinations, we avoided this problem by adopting an orthogonal planning method (see Louviere et al. 2000, Ch. 4 for details) . Figure 3 depicts a representative questionnaire.
We asked eight questions per respondent.
<Figure 3>
Next, we explain the discounted and expected utility models that form the basis for estimating the time preference rate and risk aversion coefficient. Let the utility of alternative i be V i (reward i , probability i , timedelay i ). The exponential discounted utility model and the (linear in probability) expected utility model are used for the functional form of V i 6 :
Discounted utility: exp(-TIME*timedelay i )*utility(reward i ),
where parameter TIME denotes the rate of time preference.
Expected utility 7 : probability i *utility(reward i ).
Accordingly, rewriting V i , we obtain V i (reward i , probability i , timedelay i ) = exp(-TIME*timedelay i )*probability i *utility(reward i ).
At this point, we simply specify the functional form of utility as the RISK-th power of reward. Such a utility function is called the constant relatively risk-averse form, where 6 As is commonly known, the exponential discounted utility model was advocated by Samuelson (1937) and axiomatically defined by Koopmans (1960) and Fishburn and Rubinstein (1982) . The expected utility model is attributed to Von Neumann and Morgenstern (1953) . 7 If we consider index s as the state of nature, s = 1,…, S, the expected utility is written as Σ s = 1,…, S probability s *utility(reward s ). Note that we simply assume here that one alternative has only one state of nature other than the state of zero reward.
the coefficient of the relative risk aversion is denoted by 1-RISK. Taking logarithms of both sides, we obtain ln V i (reward i , probability i , timedelay i ) = -TIME*timedelay i + ln probability i + RISK*ln reward i .
Two points should be noted here: first, a greater level of impatience implies a larger TIME; second, since a risk-averse attitude means 1-RISK ∈ [0,1], a greater level of risk-aversion implies a larger 1-RISK.
One main objective of economic psychology is discovering and elucidating anomalies. The most famous anomaly in time preference is hyperbolic discounting, where the rate of time preference decreases with time delay (Frederick, Lowenstein, and O'Donoghue 2002) . Two well-known anomalies in risk preference are certainty effect and loss aversion (Kahneman and Tversky 1979) , which many models have struggled to account for. Nonetheless, this paper measures the rate of time preference and the coefficient of relative risk aversion based on the standard discounted and expected utility models, since some models explaining anomalies may be compatible with the standard model by a simple transformation of variables. For example, if psychological time is set as a logarithm of physical time, an exponential discounted model with respect to physical time can be transformed into a hyperbolic discounted model for psychological time (Takahashi 2005) .
Last, we explain the estimation models. Conditional logit (CL) models, which assume independent and identical distribution (IID) of random terms, have been widely used in past studies. However, independence from the irrelevant alternatives (IIA) property derived from the IID assumption of the CL model is too strict to allow flexible substitution patterns. The most prominent scheme is a mixed logit (ML) model that accommodates differences in the variance of random components (or unobserved heterogeneity). These models are flexible enough to overcome the limitations of CL models by allowing random taste variation, unrestricted substitution patterns, and the correlation of random terms over time (McFadden and Train 2000) . See APPENDIX II for the details of ML models.
In what follows, we assume that preference parameters regarding time and risk follow normal distribution: TIME (rate of time preference)
RISK (coefficient of relative risk aversion represented by 1-RISK).
Accordingly, we can demonstrate variety in the parameters at the individual level with the maximum simulated likelihood (MSL) method for estimation by setting 100
Halton draws 8 . Furthermore, since a respondent completes eight questions in the conjoint analysis, the data form a panel, and we can also apply a standard random effect estimation. We can calculate the estimator of the conditional mean of the random parameters.
Estimation results and discussions
In this section, the rate of time preference and the coefficient of relative risk aversion are measured simultaneously on the basis of the estimation results. The results are presented in Table 3 . Having assumed that random parameters follow normal distribution, their means and standard deviations are reported. Furthermore, the estimation results are reported separately for smoking cessation successes and failures at the starting point, and for successes and failures at the finishing point. Both means and standard deviations are statistically significant for the time preference parameter TIME.
All means are statistically significant for the risk preference parameter RISK, while standard deviations are not statistically significant for failures at the finishing point.
<Table 3>
We measured the rate of time preference and the coefficient of risk aversion on the basis of the estimation results. These values are indicated in Table 4 . A higher rate of time preference (TIME) implies greater impatience. On the other hand, the higher the coefficient of relative risk aversion (1-RISK), the more risk-averse is the result. Figure 4 displays the rate of time preference and Figure 5 displays the coefficient of risk aversion.
8 Louviere et al. (2000, p. 201) suggest that 100 replications are normally sufficient for a typical problem involving five alternatives, 1,000 observations, and up to 10 attributes.
The adoption of Halton sequence draw is an important problem to be examined (Halton 1960 ). Bhat (2001) found that 100 Halton sequence draws are more efficient than 1,000 random draws for simulating an ML model.
Box diagrams report their 25%, 50%, and 75% values. Figure 4 demonstrates that the rate of time preference is lower for successes than for failures at the finishing point.
However, the values decrease for successes and increase for failures between the two points. Figure 5 shows that the coefficient of risk aversion is higher for successes than for failures, even at the starting point.
<Table 4> <Figure 4>
< Figure 5> Previous literature has reported that smokers are more impatient than nonsmokers (Mitchell 1999 , Bickel et al. 1999 , Odum et al. 2002 , Baker et al. 2003 , Ohmura et al. 2005 . These results are consistent with the rational addiction models because smoking satisfies present utilities but damages future utilities by increasing health risks. In addition, the previous findings that current smokers with higher nicotine dependency are more impatient and risk-prone and that ex-smokers are the most patient and risk-averse suggest that economic-psychological parameters are dependent on various smoking stages. These findings support the validity of habit formation or endogenous time-preference models 9 . At this point, we propose the following four hypotheses and statistically verify them using Welch's t-test. The results are indicated in Table 5 . suggests that preferences vary for successes between the starting and finishing points.
We assume that ex-smokers almost escape from physically and mentally serious addiction after quitting for five months (Snyder et al. 1989 ). Thus, not smoking no longer causes irritability, and this change in smoking status may induce a preference to vary. Having pointed out that smoking increases the rate of time preference, we discovered that successful cessation decreases the rate of time preference. In other words, the endogenous formation of the rate of time preference is bidirectional between smoking and quitting. On the other hand, the endogenous formation of the coefficient of Finally, a reservation must be mentioned. Since this research only investigated the relationship between smoking status and economic-psychological parameters, we cannot determine causality. A detailed study of causality lies beyond the scope of this paper. This is the most crucial area for future research 10 .
Economic model of successful cessation
In this section, we analyze effective predictors for successful cessation using a discrete choice model. Douglas (1998) surveyed the recent developments in smoking cessation research. Previous research that analyzed successful cessation using discrete choice models includes Lewit and Coate (1982) , Chaloupka and Wechsler (1997) , Harris and Chan (1999) , Jones (1994) , Sander (1995) , Yen and Jones (1996) , Hsieh coefficient of risk aversion (at the starting and finishing points, and the difference 10 Reynolds (2004) supported the hypothesis that a high rate of cigarette consumption is related to higher rates of time preference rather than the alternative hypothesis that argues that smokers are predisposed to higher rates of time preference. 11 On the other hand, studies that have examined cessation using survival analysis include Douglas and Hariharan (1994) , Douglas (1998), and Foster and Jones (2001) . The newly added variables in this study include such economic-psychological variables as time preference rates and risk aversion coefficients. At this point, we
classified them into values at the starting and finishing points, and the differences between them. Using a logit model, the explained variables are alternative 1 (success) and alternative 2 (failure). Table 6 First, we examine the estimation results of the economic-psychological variables. In Models (a) and (b), the lower rate of time preference and the higher coefficient of risk aversion lead to a higher probability of successful cessation. Thus, economic-psychological variables are significantly associated with successful cessation.
In Model (c), only the rate of time preference is statistically significant; the decrease in the rate of time preference after quitting is associated with the higher probability of successful cessation. Last, we analyze the elasticities of the probability of successful cessation with respect to the rate of time preference and the coefficient of risk aversion. Table 7 indicates the values. We can summarize the main points as follows.
• The elasticity of the success rate with respect to the rate of time preference is -0.743
at the starting point and -1.678 at the finishing point. The rate of time preference at the finishing point has a larger impact on the success rate as compared to that at the starting point.
• The elasticity of the success rate with respect to the coefficient of risk aversion is 0.434 at the starting point and 0.241 at the finishing point. The coefficient of risk aversion at the starting point has a larger impact on the success rate as compared to that at the finishing point.
• On comparing the elasticity values, we find that the rate of time preference has a larger impact on the success rate than the coefficient of risk aversion.
<Table 7>
In sum, we demonstrated that economic-psychological parameters such as time preference rate and risk aversion coefficient are significantly associated with successful cessation of smoking.
Conclusion
This paper conducted a five-month follow-up survey of 608 Japanese adults who had just started smoking cessation. Of the respondents, 52% succeeded while the remaining 48% failed to quit smoking. Focusing on economic-psychological parameters such as time preference rate and risk aversion coefficient, this paper investigated the differences in preferences between successes and failures. Consequently, we found statistically significant differences in the coefficient of risk aversion for successes and failures at the starting point. We also discovered statistically significant differences in both their rate of time preference and the coefficient of risk aversion at the finishing point.
Furthermore, the rate of time preference changed between the two points for both successes and failures. These conclusions suggest not only that economic-psychological parameters are associated with successful cessation but also that these parameters may be endogenously formed depending on smoking status. This paper also analyzed successful cessation using a logit model. Besides the upper-middle FTND scores and the self-efficacy of quitting, the rate of time preference and the coefficient of risk aversion are critical predictors for successful cessation.
Finally, the following problems remain unsolved. First, we did not consider how the decision to quit smoking is causally related to differences in preferences. A detailed investigation of causality is required. Second, we only dealt with smoking cessation; however, in the future, analyzing addictive behaviors such as drinking, gambling, and substance abuse might also be interesting. Third, we must develop better analysis methods. For example, applying survival analysis to our data might be beneficial. These are potential topics for future research.
APPENDIX II ML model
Assuming that parameter n β is distributed with density function ( ) Therefore, ML choice probability is a weighted average of logit probability ( ) nit n L β evaluated at parameter n β with density function ( ) n f β , which can be written as
In the linear-in-parameter form, the utility function can be written as
where nit x and nit z denote observable variables, γ denotes a fixed parameter vector, n β denotes a random parameter vector, and nit ε denotes an independently and identically distributed extreme value (IIDEV) term.
Since ML choice probability is not expressed in closed form, simulations need to be performed for the ML model estimation (see Train 2003, p. 148 for details) . We can also calculate the estimator of the conditional mean of the random parameters, conditioned on individual specific choice profile n y , given as
Here, we assume that preference parameters regarding time and risk follow normal distribution: TIME (rate of time preference)
The random utility that person n obtains from choosing alternative i in choice situation t can be written as follows: 12 Louviere, Hensher, and Swait (2000, pp. 142-143) 
